Cloud-based manufacturing (CBM) has recently been proposed as an emerging manufacturing paradigm that may potentially change the way manufacturing services are provided and accessed. In the context of CBM, companies may opt to crowdsource part of their manufacturing tasks that are beyond their existing in-house manufacturing capacity to third-party CBM service providers by renting their manufacturing equipment instead of purchasing additional machines. To plan manufacturing scalability for CBM systems, it is crucial to identify potential manufacturing bottlenecks where the entire manufacturing system capacity is limited. Because of the complexity of manufacturing resource sharing behaviors, it is challenging to model and analyze the material flow of CBM systems in which sequential, concurrent, conflicting, cyclic, and mutually exclusive manufacturing processes typically occur. To address and further study this issue, we develop a stochastic Petri nets (SPNs) model to formally represent a CBM system, model and analyze the uncertainties in the complex material flow of the CBM system, evaluate manufacturing performance, and plan manufacturing scalability. We validate this approach by means of a delivery drone example that is used to demonstrate how manufacturers can indeed achieve rapid and cost-effective manufacturing scalability in practice by combining inhouse manufacturing and crowdsourcing in a CBM setting.
Introduction
CBM has recently been proposed as an emerging manufacturing paradigm that may potentially change the way products are developed and produced as well as the way manufacturing services are provided and accessed [1] [2] [3] [4] [5] [6] [7] . CBM refers to "a crowdsourcing-based manufacturing model that exploits ondemand access to a shared collection of diversified and distributed manufacturing resources to form temporary, reconfigurable production lines that enhance efficiency, reduce product lifecycle costs, and allow for optimal resource allocation in response to variable-demand customer generated tasking" [8, 9] . Because of ubiquitous access to intelligent machines and massive amounts of data generated by the intelligent machines, CBM has the potential to enable service consumers to access a variety of manufacturing services such as additive manufacturing (AM) (e.g., 3D printing) and subtractive manufacturing (e.g., computer numerically controlled (CNC) machining) through cloud-based cyber-physical manufacturing systems as shown in Fig. 1 .
For instance, Shapeways [10] and 3D Hubs [11], two cloudbased 3D printing service providers with different business models, connect 3D printing service consumers with service providers from both local and global communities. Specifically, Shapeways is a cloud-based sourcing platform with a focus on low-volume production for custom manufactured rapid prototypes. Shapeways connects service consumers to a global network of 3D printing service providers through a cloud-based instant quoting engine, which transforms sourcing processes from manual to automatic in real-time. Similarly, 3D Hubs provides 3D printing services to consumers, but focuses on building a local network of individually owned and operated 3D printers. 3D Hubs allows owners of 3D printers to increase the utilization rate of their devices and establish social connections within their local 3D printing community. 3D Hubs and its large network of 3D printing service providers across the world have the potential to transform conventional manufacturing supply chains with multiple business functions and processes across companies, including traditional long distance shipping and sophisticated inventory control, to localized and integrated supply chains with on-demand, highly agile, and scalable manufacturing services.
Another interesting and potentially more influential example is a pilot program being initiated by Amazon in partnership with 3DLT. This program allows users to simply purchase 3D digital design files stored in Amazon's cloud and print the products instead of buying physical items directly or printing them through a third-party site such as Shapeways. In addition to the aforementioned small-and medium-volume cloud-based 3D printing services, MFG.com [12] is another example of a company that connects small-and medium-sized enterprises to large-scale manufacturers in traditional manufacturing domains such as CNC machining, casting, injection modeling, and tooling. According to a survey conducted by the McKinsey Global Institute, San Francisco, CA [13] , cloud computing along with 3D printing [14] [15] [16] is expected to have a profound impact on manufacturing and supply chain industries. The estimated economic value added by cloud-based 3D printing is $230 Â 10 9 to $550 Â 10 9 per year by 2050.
The main contributions of the research presented in this paper relate to the following domains: (1) recognizing the issue of manufacturing scalability in a new manufacturing paradigm, namely, CBM, (2) formulating a research problem pertaining to scalability planning in the context of CBM, and (3) evaluating the performance of a CBM network by means of SPNs. The remainder of this paper is organized as follows: Sec. 2 presents an overview of manufacturing scalability. Section 3 presents a brief introduction to SPNs. Section 4 presents the problem formulation for scalability planning in the new context of CBM. Section 5 presents the performance analysis of a CBM system in which delivery drones are produced. Building on this performance analysis, Sec. 6 presents
Manufacturing Scalability
The cloud-based service providers stated in Sec. 1 allow manufacturing enterprises to quickly scale up and down their capacity because required manufacturing resources (e.g., 3D printers and general purpose CNC machine tools) can be added and removed as needed to respond to rapidly changing market demand. In particular, these emerging services help manufacturers handle transient demand and dynamic capacity planning under emergency situations incurred by unpredictable customer needs and reliability issues. In the context of manufacturing systems, the capacity of a manufacturing system is referred to as a metric that indicates how many artifacts it can produce per day. Manufacturing capacity needs to be adjusted in response to fluctuations in market demand. Thus, capacity scalability refers to the adjustability of manufacturing capacity to adapt capacities to changing market demand [17] [18] [19] .
In order to gain a better understanding of manufacturing scalability, a list of definitions related to scalability is provided as follows:
• "Scalability refers to the ability to adjust the production capacity of a system through system reconfiguration with minimal cost in minimal time over a large capacity range at given capacity increments" [20] .
• "System scalability is defined as the design of a manufacturing system and its machines with adjustable structure that enable system adjustment in response to market demand changes. Structure may be adjusted at the system level (e.g., adding machines) and at the machine level (changing machine hardware and control hardware)" [21] .
• "Scalability implies that where the problem size increases, the algorithm continues to apply and by increasing the number of computational engines proportionately, the performance of the algorithm will continue to increase" [22] .
• "Computational scalability refers to operations on the data that should be able to scale for both an increasing number of users and increasing data sizes" [23] .
Addressing scalability planning for manufacturing systems is essentially to determine when, where, and by how much the capacity of a manufacturing system should be adjusted. Traditionally, capacity scalability can be achieved in two ways: (1) by scaling the capacity of individual manufacturing resources [24, 25] and (2) by adding or removing manufacturing resources to or from existing in-house systems. In the new context of CBM, it appears to be more cost-effective to adopt a new approach that is similar to the second one; that is, crowdsourcing part of the manufacturing tasks that are beyond the existing in-house capacity to third-party CBM service providers. Moreover, it is assumed that a CBM service consumer can almost always find qualified service providers whose manufacturing capacity is not fully utilized using cloud-based global sourcing platforms as stated before. This assumption seems strong; however, considering the entire life cycle of a manufacturing system, the time a manufacturing system operates at the full capacity in reality is usually suboptimal, although originally optimally designed. In addition, even if a manufacturing service provider operates at the full capacity, in order to make more profits or receive larger orders, this service provider may prioritize manufacturing tasks and reallocate their resources and capacity to first process the most profitable orders.
To rapidly scale up and down manufacturing capacity, the fundamental objective is to model, analyze, and control the material flow in manufacturing systems. The purpose of this is to capture the transformation process of raw material to parts, to subassembly, to assembly, and finally to end-products. The importance of modeling, analyzing, and controlling material flow is that it allows for detecting potential manufacturing bottlenecks and planning for manufacturing scalability. A manufacturing bottleneck is a phenomenon where certain key performance indicators (KPIs) or the capacity of an entire manufacturing system is limited by a single or several components of the manufacturing system. A manufacturing bottleneck lies on the critical path of a manufacturing network and provides the lowest capacity. As a consequence, a bottleneck manufacturing process limits material flow in a manufacturing system.
To plan manufacturing scalability, it is crucial to identify potential bottlenecks and reconfigure material flow in manufacturing systems. Because of the complexity of manufacturing resource sharing behaviors between service providers and consumers as well as general uncertainties in manufacturing processes such as failure and repair of machines and variations in manufacturing times, it is challenging to model and analyze the material flow of CBM systems in which sequential, concurrent, conflicting, cyclic, and mutually exclusive manufacturing processes typically occur. The existing literature on manufacturing bottleneck detection falls into three categories: analytical-based methods, simulation-based methods, and data-driven methods. Specifically, Markovian machines have been demonstrated to be effective for detecting downtime bottlenecks in serial production lines [26] [27] [28] [29] [30] [31] . Queueing network models have also been applied to investigate the economic impact of bottlenecks on production management and control [32] . In addition, data-driven bottleneck detection methods Transactions of the ASME have been proposed based on real-time data from manufacturing systems [33] [34] [35] . The major drawbacks associated with analytical approaches include: (1) they are restricted to steady-state analysis and (2) it is very difficult to develop closed-form solutions for complex manufacturing systems. The limitation pertaining to data-driven methods is that they require real-time data acquisition systems that can collect large amounts of data related to production line blockage and starvation. Therefore, a more effective and efficient established simulation technique, Petri nets (PNs), will be used to model and analyze the material flow in a CBM system and to plan manufacturing scalability based on the quantitative properties of PNs.
SPNs
3.1 Basic PNs. PNs, a mathematical and graphical modeling language, were introduced by Carl Adam Petri in the early 1960s. A PN model of a system describes the states of the system and the events that can cause the system to change states [36] [37] [38] . A basic PN model consists of four types of components: places, transitions, arcs, and tokens. Places are used to represent states, buffers, or locations. Transitions are used to describe events or actions that cause the change of system states. A transition has a certain number of input and output places representing the prestates and poststates of the event, respectively. Arcs are used to connect a place with a transition or a transition with a place. Tokens are used to represent markers that reside in places. A change of state is denoted by a movement of tokens from one place to another. The change of states is caused by the firing of a transition. A firing represents an occurrence of an event. After firing, tokens will move from input places to output places. A transition is enabled if at least one token exists in each of its input places.
Simulations of PN models allow one to investigate different scenarios and to understand system behaviors. According to Refs. [39, 40] , the advantages of PNs are summarized as follows:
• A PN model provides a mathematical representation of a system so that structural and behavioral properties can be investigated as opposed to queuing network models. • A PN model is manageable in terms of the size. A system designer can change the number of tokens without affecting places and transitions as opposed to Markov chain models. • A PN model allows one to model discrete and dynamic events using not only the exponent distributions but also other distributions such as triangular and binomial distributions.
• A PN model allows one to observe the stochastic processes via the firing of the transitions. For example, a system designer can develop a PN model, and then observe tokens as they move from one place to another in simulated time.
Observing the tokens enables the user insight into the actual flow of the model and any potential conflicts.
Many extensions to the classical PNs (e.g., SPNs and colored PNs) were developed by adding additional properties that cannot be modeled in the classical PNs. For example, the colored PNs formalism not only preserves behavioral properties of PNs but also allows tokens to have a data value (called token color) attached to them. A SPN is a PN in which each transition is associated with a random variable that expresses the delay from the enabling to the firing of the transition. Because SPNs are very powerful for analyzing performances such as resource utilization and capacities for discrete-event systems, SPNs are well-suited to model and analyze a complex CBM system with uncertainty in sequential, concurrent, conflicting, cyclic, and mutually exclusive distributed manufacturing processes, they were chosen for the research approach proposed in this paper and are formally introduced below.
SPNs.
A SPN is a bipartite directed graph that can be modeled as a six-tuple ðP; T; F; W; M 0 ; KÞ structure, where (1) P ¼ fp 1 ; p 2 ; p 3 ; …; p m g is a finite set of places. m is an integer and m > 0. (2) T ¼ ft 1 ; t 2 ; t 3 ; …; t n g is a finite set of transitions. n is an integer and n > 0. P [ T 6 ¼ ;, and, P \ T ¼ ;; In a SPN, the firing of each transition t i is associated with a exponentially distributed firing delay which specifies the amount of time that must elapse before the transition can fire. Transactions of the ASME distributed. The distribution of the random variable x i of the firing delay time associated with transition t i is given by F xi ðxÞ ¼ 1 À e Àkix . When modeling a manufacturing system using a SPN, k is used for exponentially representing time spent on certain manufacturing operations such as CNC machining and AM. For example, if a transition t j , representing a machining operation, consumes k j time unit, the distribution of the random variable x j of the firing time associated with the transition t j is given by F xj ðxÞ ¼ 1 À e Àx=kj with the firing rate 1/k j .
Modeling a CBM System Using SPNs
In this section, we formulate a research problem for scalability planning, describe the background of the application example, and present an associated SPN model of the material flow in the application example. In order to evaluate manufacturing system performance (i.e., scalability), we are particularly interested in a quantitative analysis using the SPN model.
Problem Formulation.
Building on the work of Feldmann and Colombo [41] , our research problem pertaining to scalability planning in CBM context is formulated as follows:
Given:
• A predefined set of manufacturing resources (e.g., 3D printers) in a CBM system in which a manufacturing resource is described by a set of specifications, port-structures for connecting it to other manufacturing resources, constraints at each port-structure, which describe the manufacturing resources that can be connected at that port-structure, and other structural constraints; • A description of the CBM system layout and information about the set of tasks and functions to be performed in each manufacturing resource. The research to be conducted is designed as follows:
(1) A free open source tool, PLATFORM INDEPENDENT PETRI NET EDITOR (PIPE) is used for modeling and analyzing SPNs. PIPE is a JAVA-based tool for the construction and analysis of SPN models. PIPE was developed and is still being maintained by the Imperial College London, London, UK [42] . PIPE allows one to perform quantitative analysis using SPN models. (2) A case study, the task of producing a delivery drone as shown in Fig. 2 , is conducted. The delivery drone consists of mechanical and electronic components, respectively. (3) With respect to the mechanical components such as propellers and frame, and because most of these mechanical parts are made of either plastic or acrylonitrile butadiene styrene, they can be built using AM processes. As stated before, AM technology will be extensively used in CBM as it allows cloud service providers to rapidly scale up and down their manufacturing capacity. With respect to the electronic components such as navigation boards and main boards, their production or acquisition can be crowd-sourced through cloud-based e-commerce companies such as MFG.com and Alibaba.com. (4) A generic cloud-based AM process is proposed as follows:
Step 1: Submit requests for quotation (RFQs) for a product or product components to design service providers through the cloud; Step 2: Submit RFQs to AM service providers through the cloud;
Step 3: Identify qualified AM service providers for each product component (i.e., parts and subassemblies); Step 4: Send computer-aided design models to the selected service providers to have them build the product or product components;
Step 5: Ship the product or product components to the service consumer and assemble.
(5) Construct a hypothetic CBM system using existing cloudbased services with which the delivery drone can be built. First, create the bill of materials (BOM) (i.e., a list of the raw materials, parts, subassembly, and intermediate assemblies) for the drone. Second, determine alternative AM service providers who are capable of building individual Transactions of the ASME items included in the BOM. The alternative service providers and their service offerings can be identified by submitting RFQs on 3D Hubs, Quickparts, and Shapeways. (6) Define the cloud-based 3D printing network for producing the delivery drone. A simple example material flow in a cloud-based 3D printing network is illustrated in Fig. 3 . (7) Construct the SPN model for the material flow in the CBM system. As mentioned in the problem formulation, first, a set of manufacturing resources where the parts and subassemblies can be built are specified; second, the CBM system configuration and information about the set of tasks of the entire CBM system will also improve, manufacturers can plan manufacturing capacity scalability by combining existing in-house manufacturing system. Figure 4 shows the schematic diagram of the material flow in the existing manufacturing system. In the existing manufacturing network, inhouse manufacturing and outsourcing are combined to produce the delivery drone.
Description of the Delivery Drone Example.
For instance, with respect to the mechanical components (e.g., the propellers, legs, arms, gimbal, frame body, frame body top, and frame body bottom), they are built in-house (New York in this example) using AM processes. If market demand increases, the existing manufacturing capacity can be increased by outsourcing manufacturing tasks to cloud-based 3D printing service providers in the local 3D printer community in New York through 3D Hubs.
Figures 5(a) and 5(b) show the largest 3D printer network worldwide and the local 3D printer community in New York, respectively. Users can easily search for 3D printers based on distances, manufacturing resolutions, printer types and models, materials, and delivery modes in a local community as shown in Fig. 5(c) . With respect to the electronic components, they are outsourced to drone electronic component suppliers. These electronic components suppliers can be easily found through Alibaba.com and MFG.com. For instance, Alibaba.com helps manufacturers search for global electronic components suppliers who can provide main boards, controller boards, sensors, cameras, and so on. Once the electronic components are delivered to the final assembly line, all of the drone components will be assembled.
An SPN Model for the Drone Production Example.
In this section, a bottom-up modeling approach is used to construct the complete SPNs for the material flow of the existing in-house manufacturing system without CBM. Specifically, first, sub-SPNs for system components are created. Second, all of these sub-SPNs are aggregated into a complete SPN model. Figure 6 shows two sub-SPNs that model the material flows for building the propeller and motor, respectively.
Similarly, material flows for building other drone components can be constructed. Built upon these sub-SPNs, the SPN for modeling the material flow in the entire manufacturing system is constructed as shown in Fig. 7 . Tables 1 and 2 describe some of the places and transitions in the SPN. The firing rates associated with individual transitions such as building and transporting parts are estimated using the open source tool, WILLIT 3D PRINT and GOOGLE MAP. For example, the average time for building a propeller is 1/3 time units such as hours. Thus, the firing rate k 2 associated with the corresponding transition (T2) is 3, which is the inverse of the build time. Similarly, the average time for transporting motors to the drone manufacturer is 10 time units based on the GOOGLE MAP. The firing rate Propellers are available to be assembled P50
Order for motors is placed in the system P51 Assembly line for producing motors is in process P52
Motors are ready to be transported to warehouse P53
Assembly line for producing motors is occupied P54
Assembly line for producing motors is idle P55
Truck for transporting motors is available P56
Motors are ready to be transported to consumers P57
Motors are available to be assembled Transactions of the ASME k 42 associated with the corresponding transition (T42) is 1/10, which is the inverse of the transportation time. Detailed descriptions about the places and transitions can be found in Appendices A and B.
As stated before, the research objective of this paper is to study and understand how CBM could help the drone manufacturer plan manufacturing scalability by modeling and analyzing material flow using SPN, identifying manufacturing bottlenecks, and crowdsourcing manufacturing tasks over a CBM network. Section 5 presents a related performance analysis by simulating the SPN model of the manufacturing system.
Performance Analysis of the SPN Model
In general, discrete-event simulations fall into two categories from the time frame perspective: finite-horizon (terminating) and steadystate (nonterminating) simulations. A finite-horizon simulation refers to a simulation that runs for some period of time and stops at a specific time or when a specified event occurs, while a steady-state simulation refers to a simulation that runs continuously (technically forever) or a very long period of time. Whether a finite-horizon or steady-state simulation is more appropriate in a specific application depends on: (1) the objective of the simulation study and (2) the nature of the system. In the context of the delivery drone example, we first perform finite-horizon simulations with the run length of 30 days. The statistics that are of particular interest in the finite-horizon simulations are the expected capacities for the overall manufacturing system and individual manufacturing processes with 95% confidence intervals. The major advantage of using confidence interval estimation is that it provides a range of values with a known probability of capturing the population parameter.
The details about the finite-horizon simulations using the aforementioned SPN model are summarized as follows:
• The run length of each replication is 1 month (30 days) and 24 hr per day; • The number of replications is 100; • 95% two-sided confidence intervals for the expected capacities.
Note that the delivery drone, as shown in Fig. 2 , consists of four propellers, four motors, four legs, four arms, one frame body, one frame body top, one frame body bottom, one gimbal for the camera, one navigation board, one main board, one optical flow smart camera, one flight control board, and one battery. The finite-horizon (terminating or transient) simulation results are shown in Fig. 8 . Based on the simulation results, the initial state is identified as the transient state (i.e., warm-up period). The steady state of the manufacturing system is achieved 6 days after the system is started because the expected system throughput remains almost constant, particularly 10 items per day. Table 3 shows the expected capacity for the overall manufacturing system which is 288 drones over 30 days. To detect manufacturing bottlenecks, the expected capacities for individual manufacturing processes over the 30-day time horizon are also calculated as shown in Table 3 .
Suppose that the current market demand is 400 drones per month. The required number of items for each component of the drone is shown in Table 3 . Figure 9 shows the comparison between the current capacities for individual manufacturing processes and the corresponding required capacities. Based on the results as shown in Fig. 9 , we detect two manufacturing bottlenecks, including the 3D printing processes for building gimbals and frame bodies. The corresponding transitions in the SPN model are T17 and T22 where the overall system capacity is limited.
Scalability Planning for CBM
Given a market demand of 400 drones per month and a current system capacity of 288 drones per month, the current manufacturing system cannot meet the market demand. The drone manufacturer needs to scale up the system capacity by combining in-house manufacturing and outsourcing in the CBM setting.
As illustrated previously, 3D Hubs provides the drone manufacturer with access to a large local community of 3D printers. Based on the simulation results presented in Sec. 5, the 3D printing tasks for building gimbals and frame bodies need to be outsourced to other cloud-based 3D printing service providers. As shown in Fig. 10 , we construct a new SPN model in which two additional 3D printing processes for building gimbals and frame bodies are added into the original SPN. Tables 4 and 5 list the new places and transitions associated with the added 3D printing processes. Based on the increasing number of 3D printers in the New York's 3D printer community, it is reasonable to assume that most of the mechanical components of the drone can be delivered within 1-10 hr. In this example, the transportation times are estimated as 5 hr. As a result, the firing rates associated with the new transitions, transporting gimbals and frame bodies, are 1/5 as shown in Table 5 . Table 6 shows the required number of items for each component of the drone and actual manufacturing capacity of the new Gimbals are ready to be transported to consumers P106 Gimbals are available to be assembled P113
Order for frame bodies is placed in the system P110 3D printing frame bodies are in process P108
Frame bodies are ready to be transported to warehouse P112 3D printer for building frame bodies is in repair P111 3D printer for building frame bodies is idle P109
Truck for transporting frame bodies is available P107
Frame bodies are ready to be transported to consumers P114
Frame bodies are available to be assembled Transactions of the ASME CBM system. Figure 11 shows the comparisons between the new capacities for individual manufacturing processes and the corresponding required capacities to meet the market demand. Based on the simulation results, the new CBM system can build 464 drones per month on average, which meets the current market demand 400 drones per month, by temporarily outsourcing the 3D printing tasks in the bottlenecks to third-party cloud service providers in the CBM setting without purchasing, maintaining, and operating any new 3D printers.
Conclusion and Future Work
In this paper, we demonstrated rapid and cost-effective manufacturing scalability of a CBM system. The specific research issue pertaining to manufacturing scalability of a CBM system is related to the modeling and analysis of the complex material flow in which sequential, concurrent, conflicting, cyclic, and mutually exclusive stochastic manufacturing resource sharing behaviors occur. The simulation results have shown that the SPN model can be used to evaluate manufacturing capacities and detect manufacturing bottlenecks for the deliver drone manufacturing system by simulating the SPN model. Based on the simulation results, manufacturers can reconfigure the material flow by renting manufacturing resources (e.g., CNC machines and 3D printers) provided by manufacturing service providers and eventually scale up and down manufacturing capacity cost effectively without purchasing and owning more manufacturing resources permanently.
While our research problem and proposed formal approach based on SPNs were well formulated, the limitations of this study are acknowledged as follows: (1) the SPN model has not yet been validated using a real application example in industry and (2) computational problems may arise when modeling and simulating a large-scale CBM system with complex material flow using SPNs. Future work will also focus on developing SPN models for large-scale real industry case studies as well as modeling more manufacturing activities in the SPN model.
Appendix A: The Description of Places
Place Description P1 Raw material for building propellers is available P2 3D printing propellers are in process P3
Propellers are ready to be transported P4 3D printer for building propellers is in repair P5 3D printer for building propellers is idle P6
Conveyor for transporting propellers is available P43
Propellers are available to be assembled P50
Motors are available to be assembled P7 Raw material for building legs is available P8 3D printing legs are in process P9
Legs are ready to be transported P10 3D printer for building legs is in repair P11 3D printer for building legs is idle P12
Conveyor for transporting legs is available P44
Legs are available to be assembled P64
Order for navigation boards is placed in the system P61 Assembly line for producing navigation boards is in process P59 Navigation boards are ready to be transported to warehouse P63
Assembly line for producing navigation boards is occupied Place Description
P62
Assembly line for producing navigation boards is idle P60
Truck for transporting navigation boards is available P58 Navigation boards are ready to be transported to consumers P65 Navigation boards are available to be assembled P13 Raw material for building arms is available P14 3D printing arms are in process P15
Arms are ready to be transported P16 3D printer for building arms is in repair P17 3D printer for building arms is idle P18
Conveyor for transporting arms is available P45
Arms are available to be assembled P72
Order for main boards is placed in the system P69 Assembly line for producing main boards is in process P67
Main boards are ready to be transported to warehouse P71
Assembly line for producing main boards is occupied P70
Assembly line for producing main boards is idle P68
Truck for transporting main boards is available P66
Main boards are ready to be transported to consumers P73
Main boards are available to be assembled P19 Raw material for building gimbals is available P20 3D printing gimbals are in process P21
Gimbals are ready to be transported P22 3D printer for building gimbals is in repair P23 3D printer for building gimbals is idle P24
Conveyor for transporting gimbals is available P46
Gimbals are available to be assembled P80
Order for cameras is placed in the system P77 Assembly line for producing cameras is in process P75
Cameras are ready to be transported to warehouse P79
Assembly line for producing cameras is occupied P78
Assembly line for producing cameras is idle P76
Truck for transporting cameras is available P74
Cameras are ready to be transported to consumers P81
Cameras are available to be assembled P25 Raw material for building frame bodies is available P26 3D printing frame bodies is in process P27
Frame bodies are ready to be transported P28 3D printer for building frame bodies is in repair P29 3D printer for building frame bodies is idle P30
Conveyor for transporting frame bodies is available P47
Frame bodies are available to be assembled P88
Order for batteries is placed in the system P85 Assembly line for producing batteries is in process P83
Batteries are ready to be transported to warehouse P87 Assembly line for producing batteries is occupied P86
Assembly line for producing batteries is idle P84
Truck for transporting batteries is available P82
Batteries are ready to be transported to consumers P89 Batteries are available to be assembled P31 Raw material for building frame body tops is available P32 3D printing frame body tops is in process P33
Frame body tops are ready to be transported P34 3D printer for building frame body tops is in repair P35 3D printer for building frame body tops is idle P36
Conveyor for transporting frame body tops is available P48
Frame body tops are available to be assembled P96
Order for flight control boards is placed in the system P93 Assembly line for producing flight control boards is in process P91
Flight control boards are ready to be transported to warehouse P95 Assembly line for producing flight control boards is occupied P94
Assembly line for producing flight control boards is idle P92
Truck for transporting flight control boards is available P90 Flight control boards are ready to be transported to consumers P97 Flight control boards are available to be assembled P37 Raw material for building frame body bottoms is available P38 3D printing frame body bottoms are in process P39
Frame body bottoms are ready to be transported P40 3D printer for building frame body bottoms is in repair P41 3D printer for building frame body bottoms is idle P42
Conveyor for transporting frame body bottoms is available P49
Frame body bottoms are available to be assembled P98
Final products (i.e., drones) are available 
